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Abstract: Fungal spores make up a significant portion of Primary Biological Aerosol Particles (PBAPs)
with large quantities of such particles noted in the air. Fungal particles are of interest because of their
potential to affect the health of both plants and humans. They are omnipresent in the atmosphere
year-round, with concentrations varying due to meteorological parameters and location. Equally,
differences between indoor and outdoor fungal spore concentrations and dispersal play an important
role in occupational health. This review attempts to summarise the different spore sampling methods,
identify the most important spore types in terms of negative effects on crops and the public, the factors
affecting their growth/dispersal, and different methods of predicting fungal spore concentrations
currently in use.
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1. Introduction
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Fungi and fungus-like groups (such as Oomycetes) are eukaryotic, non-chlorophyllous,
and heterotrophic organisms that depend on external nutrients for survival. There are
an estimated 1.5–5 million species of fungi encompassing a wide variety of life cycles,
metabolisms, morphogenesis, and ecologies, including mutualism, parasitism, and commensalism with many live organisms [1].
Fungi are well known for their detrimental effect on crops causing different agricultural
diseases throughout history, causing significant economic damage and loss of life. Examples
of this include Phytophthora infestans (potato blight) which was the primary cause of the
Irish famine [2]. Molds such as Alternaria, Aspergillus, Cladosporium, Penicillium, among
others [3], are also frequently seen to contaminate food during storage.
Equally, fungal spores can directly affect the health of both human and animal populations. Specific taxa are often linked to respiratory allergy symptoms [4] or related to asthma
attacks or even acute respiratory failure. In more recent times this could be confused with
the SARS-CoV-2 (COVID-19) [5].
The main goal of this review is to summarise and compare the most recent knowledge
regarding airborne fungal and fungus-like spores, as well as the sampling methods used
for their analyses.
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1.1. Airborne Fungal Spores
Air contains a large number of biological entities, ranging in size from viruses (nm)
and bacteria (µm) to insect fragments (cm) [6]. Of these primary biological aerosol particles
(PBAPs) fungal spores are a major contributor and are found across a wide range of biogeographic regions, and over substantial periods of the year. The majority of fungal spores in
the air originate from farms, forests, green spaces and decomposing plant material, [6,7].
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1.2. Significant Fungal Species
The Cladosporium and Alternaria genera are the most studied fungal spores, and they
have been monitored in several geographical regions including the United Kingdom [13–15],
Denmark [16], Poland [17], Portugal [18], Spain [19,20], Italy [21], Turkey [22], China [23],
South Africa [24], Nigeria [25], and the United States [26], among others. The importance
of these genera lies in the economic and health losses they can both cause: both genera
are known plant pathogens [27–29], both have many phytotoxic metabolites which can
also affect mammalian cells [30,31] and have aeroallergens linked to effects on health [32].
Although allergy or pathogeny concentration thresholds have not been yet established for
Cladosporium and Alternaria, different studies have proposed some. For Cladosporium, several concentration thresholds between 2000–4000 spores/m3 have been suggested [33,34],
although more recent studies have narrowed the values to 500–1500 spores/m3 [35]. Generally, a threshold of 100 spores/m3 has taken as high daily concentration of Alternaria [36],
although earlier studies suggest it should be as low as 50 spores/m3 [37], with different
levels being adapted in each study (10–30 spores/m3 in example [35]).
Crop damage is an important focus in fungal spore studies. In the case of vineyards,
the most important spores noted are Botrytis cinerea Pers. and Erysiphe necator [38–40].
Several studies have focussed on these spores [40–43]; however, their concentrations in the
air were relatively low when compared to concentrations of Cladosporium [7,44] or other
prevalent fungal spore types.
A number of other species have also been studied due to their morphological differences, allowing for identification. These include Coprinus, Didymella, Epiccocum, Erysiphe,
Ganoderma, Nigrospora, Pithomyces, Polythrincium, Torula and Ustilago, among other genera [6]. Nevertheless, the total number of spore species considered for any given study
varies with the location and main objective of the work. Table 1 highlights recently reported
concentration ranges associated with the eight most abundant spores. Their relationship
with meteorological parameters and the study zones are also noted. This table should
not be considered exhaustive, papers included in Table 1 represent only recent studies
investigating the correlation between meteorological variables and spore concentration,
categorised by species.
1.3. Indoor and Outdoor Fungal Spores (Occupational Exposure Fungal Spores)
The term “sick building syndrome”, was first coined in the 1970s, describing a situation
in which the occupants of a building experienced acute health problems covering a variety
of symptoms associated with time spent in a given building [45,46].
Described as a group of symptoms attributed to the physical environment of a specific
building and linked to increased health problems for the workers of modern office buildings [45,46]. Within the biological causes, the presence of fungus and its spores has been
cited as an explanation for some symptoms. Several studies have focussed on the comparison of indoor and outdoor fungal spores, highlighting the disparate environments that
could be seen [47,48]. Thus, stressing the influence of fungal spores in such environments.
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Table 1. Parameters correlated with fungal spores by study region. Temp: Air temperature, Tmin :
minimum temperature, Tmean : Average temperature, Tmax : maximum temperature, Tosc : Oscillation
of temperature, RH: Relative Humidity, Rf: Rainfall, Rf(−3): rainfall of 3 days before, AP: air pressure,
Wind: wind velocity, SR: Solar radiation, (−) negative correlations, (hourly): parameters compared
via hourly data, %: percentage of the spore over the total amount of spores in the study.
Fungal
Spores

Alternaria

Meteorological
Parameters
Associated with
Release

Season

Tmin Tmax Tmean

2005–2007

Tmin Tmax Tmean

2005–2007

Tmin Tosc Rf (−3)

2000–2012

Spain

Temp/(−) Rainfall

2010

Ireland

Temp

2010

UK

Tmin Tmax Tmean
Temp/(−) Wind Rf

2005–2007
2013

Spain
Poland

2005–2007

Portugal

2005–2007

Portugal

Tmin Tosc

2000–2012

Spain

Temp SR/−Rf

2010

Ireland

Temp

2010

UK

Tmin Tmax Tmean /(−)
Mean RH
Tmin Tmax Tmean /(−)
Mean RH
Cladosporium

Tmin Tmax Tmean /(−)
SR
Temp Wind

Coprinus

Didimella

Epicoccum

Ganoderma

Region
Country

Portugal

Biogeographic
Region
Mediterranean
(Urban)
Mediterranean
(Rural)
Fresh
continental
Cold
temperate
Cold
temperate
Mediterranean
Continental
Mediterranean
(Urban)
Mediterranean
(Rural)
Fresh
continental
Cold
temperate
Cold
temperate

Concentration Range
Average

SD

%

2161

405.00

1.14%

10460

288.00

1.03%

17016

15,022.75

[18]

[35]

546

0.41%

1180

0.22%

6443
8648

2747.11

3.45%
1.59%

112,769

13,710.62

59.54%

634,510

21,008.98

62.58%

387,393

225,462.60

[14]

[49]
[7]
[18]

[35]

127,367

94.76%

536,977

98.42%

[14]

2005–2007

Spain

Mediterranean

121,944

66.50%

[49]

2013

Poland

Continental

346,135

63.49%

[7]

2010–2012

Cuba

Subtropical

28,468

7.7–
17.08%

[50]

2005–2007

Portugal

2005–2007

Portugal

Temp RH Rf/−SR
AP

2010

Ireland

RH Rf/−SR AP

2010

UK

Temp RH (hourly)

2013

Poland

Tmin Tmax Tmean RH
Rf
RH Rf/(−) Tmin Tmax
Tmed
RH Rf/(−) Tmin Tmax
Tmed

Tmin Tmax Tmean

2005–2007

Portugal

Tmin Tmax Tmean

2005–2007

Portugal

Temp Wind (hourly)

2014

Poland

Tmin Tmax Tmean RH
Rf

2010–2012

Cuba

Tmin Tmax Tmean

2005–2007

Portugal

Tmin Tmax Tmean

2005–2007

Portugal

Temp/−Rf

2010

Ireland

Temp

2010

UK

Temp RH/(−) Wind
Rf

2015

Poland

Mediterranean
(Urban)
Mediterranean
(Rural)
Cold
temperate
Cold
temperate
Continental
Mediterranean
(Urban)
Mediterranean
(Rural)
Continental
Subtropical
Mediterranean
(Urban)
Mediterranean
(Rural)
Cold
temperate
Cold
temperate
Continental

39,880.82

Citation

1272

840.95

0.67%

5999

1104.94

0.59%

2380

1.77%

6669

1.22%

165,316

32.16%

489

170.39

0.26%

3196

317.91

0.32%

[18]

[14]

[7]
[18]

1413

0.26%

[7]

1921

0.54–
0.66%

[50]

6457

1444.29

3.41%

1556

134.82

0.15%

4113

3.06%

766

0.14%

3586

0.66%

[18]

[14]

[7]
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Table 1. Cont.
Fungal
Spores

Leptosphaeria

Pleospora

Meteorological
Parameters
Associated with
Release

Season

Rf

2005–2007

Portugal

Rf RH/(−) Tmax

2005–2007

Portugal

Rf, Temp & RH
(hourly)

2016

Poland

RH Rf

2005–2007

Portugal

RH Rf/(−) Tmax

2005–2007

Portugal

Temp Wind (hourly)

2017

Poland

Region
Country

Concentration Range

Biogeographic
Region
Mediterranean
(Urban)
Mediterranean
(Rural)
Continental
Mediterranean
(Urban)
Mediterranean
(Rural)
Continental

Average

SD

%

172

19.16

0.09%

2389

368.64

0.24%

7112

Citation

1.31%

213

64.61

657

38.94

715

0.11%

[18]

[7]

[18]

0.06%
0.13%

[7]

2. Methods of Capture and Analysis
With such a wide array of research disciplines dedicated to understanding the role
that fungal spores can play, there have been a plethora of sampling methods developed.
Many traps have been designed for one specific experiment or set of conditions. Rockett,
Kramer, and Collin, [51] described several traps that were developed between the 1920s and
1960s that have been drastically revised, replaced, or made obsolete over time. While more
comprehensive discussions of PBAP can be seen in the literature, by West & Kimber, for
example [52], in this study only the most common methods and most recently developed
instrumentation are discussed and compared. However, this is not intended to act as an
exhaustive list of methodologies.
For a better comparison of the particle samplers already used for fungal spores,
comparison Table 2 is provided. These samplers will be explained in more detail in the
following sections, below.

Yes, requires
Yes, requires
Yes, requires
processing steps processing steps processing steps

Yes
Yes

up to hourly
(daily generally)
up to hourly

Yes

7 days
up to 1 day
up to 12–24 h
dependant on
concentration

No

>5 µm
>5 µm
<10 µm

No

10
10
100–150

No

Impaction
Impaction
Impaction

Hirst
PVAS
Rototod

Table 2. Comparison table of different particle samplers used for fungal spore recognition.

430–575 nm

Milliseconds

No

No

No

310–400 nm
and 420–650 nm

1s

No

No

No

1 s to 1 min

No

No

Yes

Sample Period

Time Resolution

Culture

Microscope

Biosensor/Molecular

450–600 nm

Dependant on
data storage

Dependant on
data storage

Dependant on
data storage

Fluorescence (nm)

No

5.0–30

0.5–10

>420 nm

No

Processed
needed to
spore extraction
No

Yes, requires
Yes, requires
processing steps processing steps

No

Yes
Yes

Yes, requires
processing steps

Yes

Dependant on
plate changing

Dependant on
plate changing
0.2 min

1 s–18 h
(5 min generally)

No

Dependant on
data storage
<1 day

0.2–20 min
due to
collection plate
saturation

Dependant on
data storage

>5 µm

Dependant on wind

Impaction

Passive

<10 µm

10 to 20

Impaction

Burkard Portable
Air Sampler

<10 µm

0.5–20

1

<7

2.4

Particle Size Range

2

3.8
28.6

Impaction

Fluorescence
(two Xe flashlamps)
Fluorescence
UV laser

Andersen

Wideband Integrated
Ultraviolet
Aerodynamic Particle
Bioaerosol
Sensor (WIBS)
Sizer (UV-APS)

Flow Rate (l min−1 )

Fluorescence
(Laser diode)

BioScout

Fluorescence (laser)

Instantaneous Bioaerosol
Analysis and
Collection (IBAC)

Sampling Method

Sampler
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2.1. Volumetric Samplers
The Hirst spore trap has been used as the basic tool for PBAPs analysis, with approximately 637 samplers of this type currently in operation around the world [52].
While primarily used for pollen, more than 73% of Hirst samplers are utilised for fungal spores monitoring.
The Hirst-type sampler is an impaction-based volumetric sampler with a suction rate
of 10 L per minute, powered by a vacuum pump. Its sampling protocols require at least one
full day of operation before the sample drum can be changed and processed, although this
period is often extended to 7-days for logistical and financial reasons. Analysis is a slow
process (via optical identification) and, as a result, only a small sub-sample of individual
samples are examined. The overall count is hence calculated via extrapolation [53,54]. The
data also relies on the skill of the operator and so there have been concerted efforts of late
to evaluate the data quality [55–57] and to standardise such methods [55,58].
Another limitation of this sampler type is the electricity requirement, as a mains power
supply is necessary for its operation. Thus, remote sampling can be difficult. Nevertheless,
they are the most used samplers in the literature studies, particularly those focussed on
fungal spores as allergenic particles or as crop disease producers [7,14,40,49].
Based on the Hirst-type sampler, other volumetric samplers have been developed,
incorporating a smaller design, and allowing monitoring where electricity is not available
via an integrated battery. One example of such a device is the Personal Volumetric Air
Sampler, which is well suited to the sampling of spores in remote locations, allowing for
sampling far from sources of electricity [59]. These types of spore traps are also volumetric
(10 L/min) and, in this case, one should use a clockwork mechanism to move a microscope
slide coated with Vaseline at the same rate as the Hirst (2 mm/h) [47,60].
Finally, a Rotorod air sampler is another impaction instrument which has been used in
ambient monitoring. This method is based on increasing the speed of airflow towards the
trapping surface to impact particles. This is undertaken via the rotation of the rod at high
speeds in a circular motion. The sampler is operated using a dry battery, making it well
suited for use in the field, and is relatively independent of external wind speed [61]. This
has made this sampler useful for studies in remote areas. While there are several studies
related to fungal spores using this sampler [61], the standardisation of the results is still
being undertaken [62].
2.2. Non-Volumetric Samplers
The simplest samplers of this type are generally termed “Passive samplers” as they
work by passive deposition or passive impaction. These types of samplers are the basis
of many fungal spore studies in the USA [52]. They have been shown to work relatively
well in areas without access to electricity for monitoring coffee rust and sugarcane rust in
Mexico [40,52]. These samplers have shown R2 values of up to 0.61 when compared with
Hirst samplers. The dependence on wind speed has been noted, with lower volumes of
spores captured at lower wind speeds [40]. Due to this dependence, “Passive samplers”
are useful for airborne fungal spore recognition and they have been recommended for
qualitative analysis in remote areas, where volumetric samplers cannot be used [40].
2.3. Culture Methods
Culture-based techniques have been used for the evaluation of ambient fungal content,
with both passive and active methodologies used.
The most commonly used sampler utilising this method is the Andersen sampler. This
sampler is a Multi-stage (cascade) impactor which collects spores onto agar plates. With
this sampler, different sized spores can be cultured separately, and it has been used indoors
and outdoors in recent studies [48,63].
Another example of a volumetric sampler using Petri dishes is the Burkard portable air
sampler which makes use of agar plates (Burkard Manufacturing Co., Ltd., Rickmansworth,
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Hertfordshire, United Kingdom). This allows for the impaction of fungal spores directly
onto the growing medium with a known suction volume.
The two methods explained above have been compared previously, with results
showing that the Andersen Sampler has a higher collection efficiency for the most important
fungal species.
Using this analysis method of culture-based analysis, species differentiation is much
easier compared to microscopic differentiation, but the process of culturing samples is also
time-consuming in of itself, and the overall fungal spore count tends to be underestimated
due to the fact that not all fungal spores are cultivable [14]. Furthermore, these methods
require culture chambers to maintain the plate temperatures between 25 and 37 ◦ C for a
minimum of 48 h, causing a loss of time and energy in the process.
2.4. Real-Time Light Induced Fluorescence Instruments
2.4.1. Ultraviolet Aerodynamic Particle Sizer (UV-APS)
The UV-APS utilises both particle fluorescence and size data to designate ambient
aerosol particles as being potentially biological in nature. It has been extensively used in
previous studies for the identification and characterisation of fungal material and is based
on a prototype developed by Hairston, Po, and Quant [64]. The UV-APS is unusual in the
field of real-time bioaerosol detection, in that it obtains the actual aerodynamic size (Da)
of a particle. This is opposed to most devices, which calculate the optical size of particles
using Mie scattering [65,66].
The UV-APS samples ambient air at a rate of 5 L/min. This airflow is then split, with
1 L min−1 used as the analysed sample. The remaining 4 L/min of the air sample is used
as a sheath flow, so that the 1 L/min particle stream can be moved to the centre flow.
A 355 nm diode-pumped, frequency-tripled Neodymium: Yttrium Aluminium Garnet
(Nd:YAG) laser measures the intensity and number of fluorescent particles. Through the
use of an elliptical mirror, fluorescent emission (between 430–580 nm) is captured from
particles, with emissions and scattered light differentiated from each other using filters
at 410 nm and 630 nm. Particle fluorescence intensity, number of particles, and particle’s
aerodynamic size are then recorded. In order to refine the instrument’s capabilities, the laser
was changed from continuous wave to a pulsed excited laser. A 355 nm diode-pumped,
frequency-tripled Nd:YAG UV laser was used to excite particles for fluorescence detection.
An appropriate detector collected the scattered light in order to determine the particle size,
and values were checked against a particle size database [65,66].
The UV-APS determines total and fluorescent particle concentrations summed over
a set period of time, instead of outputting single-particle information which is different
from some of the more modern Light-Induced Fluorescence (LIF) instrumentation [67].
It has been proven that the UV-APS is able to differentiate between different species of
fungal spores in a lab setting [68]. However, this analysis was done under very controlled
conditions and would be unlikely to allow for differentiation in real world environments.
The UV-APS has been co-located with other real-time devices and traditional monitors.
In one such study, the instrument was placed in a rural site with a Wideband Integrated
Bioaerosol Sensor (WIBS) and a Hirst impactor. The UV-APS fluorescent concentration
values were seen to correlate well with that of the fungal spore counts, noted in the Hirst (R2
= 0.71). Equally, total particle concentration from the UV-APS also associated remarkably
well with that of the WIBS total particle (R2 = ~0.9). Similarly, the fluorescent UV-APS
values had similar concurrent values with that of the WIBS FL2 and FL3 detection channels
(R2 = 0.68 and 0.78) [69]. This work was one of the first instances highlighting the correlation
between the UV-APS and other ambient monitors.
The UV-APS has also seen use as a standard/control device for evaluation and interpretation of results from untested, newly developed, or mechanically or scientifically different
apparatus. Such evaluations using a UV-APS system as a control device include the UVLED continuous ambient air monitoring machine (the TAC-BIO® bioaerosol detector, by
research international, Monroe, WA, USA), and the SKC BioSampler [70,71].
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Studies using the UV-APS in indoor environments have been undertaken; however,
the reduced scope and number of these studies compared to those focussed on outdoor
environments has limited the usefulness of the collected information [72].
2.4.2. Wideband Integrated Bioaerosol Sensor (WIBS)
The WIBS is a three-fluorescence channel (namely FL1, FL2 and FL3) single particle
monitor. The WIBS detects Fluorescent Aerosol Particles (FAP) in real-time using Light
Induced Fluorescence (LIF). Given that bioaerosol have fluorescent properties, this signal is
sometimes used as a proxy for bioaerosols.
All WIBS models operate slightly differently, but only with regard to the exact volumes
of air used in the sampling of ambient environments. The operational breakdown of the
commercially available WIB4A is as follows: The particles are passed into the main optical
chamber at 2.5 L/min. Next, 0.3 L/min of this air is separated for use as the sample flow,
which will be measured by the device. The rest of the air (2.2 L/min) is then filtered and
used to form a sheath flow to confine the sample flow in a vertical column of air. This
sheath flow, along with a small bleed flow, are used for the purging of irrelevant particulate
matter from the optical chamber. A continuous wave diode laser of 635 nm detects particles
as they pass though the optical chamber, while Mie scattering from the illuminated particle
is used to get particle size and shape/asymmetry factor. The “shape” output is given as
a value between 0 and 100 where a value of zero is a perfect sphere and a value closer to
100 is shaped like a rod [65]. Two xenon flash lamps at 280 nm and 370 nm are used for
particle fluorescence excitation. Detector wavelength bands of 310–400 nm and 420–650
are then used to detect the fluorescence emission that result from the interaction with the
two flash lamps. Fluorescence signals are divided into three detector channels, namely FL1
(excitation at 280 nm detection between 310–400 nm), FL2, and FL3 (excitation at 280 and
370 nm, respectively, and detection between 420 and 650 nm) [65,66,73].
The WIBS instrumentation has primarily been used in outdoor studies demonstrating
its capacities as a total fungal spore monitor [73]. While the total fungal spore count (from
Hirst) and the total fluorescence (WIBS) have been seen to correlate with WIBS outputs,
previously (R2 0.4–0.7) [63,67], discrepancies between the two instruments were noted at
periods of very high Cladosporium concentrations.
More recent outdoor studies have used WIBS for monitoring of numerous bioaerosols,
including fungal spores [74]. They characterised the fluorescent aerosol particles (FAPs)
present in the city of Tianjin in summertime. The WIBS-4A identified likely fungal spores
that made up a major proportion of the diurnal peaks observed at sunrise and in the
evening. When relative humidity rose above 65%, FL1 channel concentration of FAPs was
significantly (p < 0.05) higher than when relative humidity (RH) was below 65%, showing
that humidity possibly plays a role in aerosolisation of particles such as fungal spores. The
RH also increases from midnight to sunrise, following the same diurnal pattern as the FAP
levels, indicating that relative humidity is a possible driver of the diurnal trend.
Equally, several indoor studies have been carried out. These mainly consist of laboratory assessments of the WIBS testing capabilities and limitations [75,76].The majority
of tests carried out with WIBS instrumentation occur in outdoor environments, including
the testing of agricultural emissions sources, and the potential FBAP impact of different
meteorological conditions [77,78]. Although, more recently the instrument has been used
in indoor occupational settings [79].
2.4.3. BioScout
The BioScout was created at the Tampere University of Technology and is an optical
LIF real-time bioaerosol instrument, similar in design and function to the UV-APS. Data can
be recorded at a time resolution of 1 ms, and the optimised particle size range or operation
is between 0.3 and 5 µm.
Autofluorescence of individual biological particles within the BioScout is achieved by
use of a 405 nm continuous wave laser diode running at 200 mW optical power. Similar
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to the UV-APS, scattered light and autofluorescence are captured from particles that have
become excited, via use of an elliptical mirror. A beam splitter is then used to focus the two
beams onto two photomultiplier tubes (PMTs). A 442 nm pass filter is used to isolate the
autofluorescence, as the scattered light is used for optical particle size determination. The
fluorescence intensity is divided between sixteen different intensity channels. Data can be
recorded at a time resolution of 1 ms and the optimised particle size range or operation
is between 0.3 and 5 µm. In previous work the UV-APS has been used as a reference
instrument in the BioScout particle size calibration, as described below [65,80].
The UV-APS has been used as a reference instrument in the BioScout particle size
calibration and testing [65,80]. Ambient fungal spore concentrations can be calculated with
the BioScout, but only if the BioScout fluorescent particle fraction (FPF) values for local
common fungal spores are known [65,81]. Another previous study found that fluorescencebased instruments might underestimate the amount of Cladosporium spores, given that
they output much lower FPF values compared to other fungal spore species [81]. This is of
particular interest given Cladosporium spores are the most dominant fungal spore found in
the ambient air.
The use of the BioScout in such studies highlight the versatility of the device to not
only be used for ambient air measurement, but also for use in studies related to specific
scenarios that result in aerosolisation of potentially harmful fungal spores and other FBAPs.
2.4.4. Instantaneous Bioaerosol Analysis and Collection (IBAC)
The IBAC (previously known as the FIDO B2, and the Instantaneous Biological Analyzer and Collector (IBAC)), is a LIF continuous air monitor initially developed by ICx
Biodefense for the purpose of detecting potential threats related to biological aerosols and
acting as an early warning system. It can potentially differentiate between biological and
non-biological particles via particle fluorescence (utilising a 405 nm laser as an excitation
source). If the integrated florescence emitted by a particle between 450–600 nm exceeds
a pre-set threshold, it is determined to be fluorescent/biological. The device also divides
particles into small (less than 1.5 µm), and large (greater than or equal to 1.5 µm). Thus,
there are four different groups based on both size and fluorescence. IBAC is designed with
bio-threat detection and warning in mind. Thus, the IBAC-2 has an additional filter sampler
(secondary sampling system) which only commences sample collection upon detection of
high concentration of fluorescent particles, allowing analysis of the most important desired
air samples in great detail. As a result, less maintenance than a continuous gravimetric
sampler is required. These dual sampling capabilities allow the IBAC to commence sample
collection after detection of potential biological threats, while also continuously monitoring
via its UV-LIF technology. The IBAC is capable of detecting particles ≥ 0.7 microns, has an
airflow of 3.8 L/min, and possesses a response time of between 1 s and 1 min. Thus, the
device can potentially detect spores, bacteria and other aerosol particles. It was designed to
be modular so that extra functionality and capabilities such as aerosol impaction could later
be integrated into the system. Primary customers of the first IBAC have been described as
homeland security and defence customers [82–85].
To this end, a disadvantage that the IBAC possesses is that some anthropogenic
particles can also fluoresce in the same region as bioaerosols (indeed this is problem for all
LIF devices), thus acting as an interferent [86].
2.5. Chemical Tracer Methods
The use of tracer molecules for the purpose of measuring or tracking aerosols and
bioaerosols has been undertaken for many years [87]. More recently, tracer molecules have
been used as a mechanism for PBAP analysis and quantification. The most commonly used
molecular tracers described in the literature, are arabitol, mannitol and ergosterol. Other
substances such as (1→3)-β-d-glucan, potassium, and endotoxins have also been utilised
as tracer molecules. Fungal spore studies have often involved (1→3)-β-d-glucan because it
forms part of the fungal cell wall [88].
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A large portion of the dry weight of fungal spores is made up of the two tracer
molecules arabitol and mannitol, and this is why they can be used for fungal spore quantification [85]. However, the use of arabitol and mannitol as molecular tracers for fungal
spores must be carefully considered, as some studies have found that the main sources of
arabitol and mannitol were not fungal spores, but resulted from biomass burning and sea
spray [88,89]. It has been found that ergosterol does not suffer from the same issue, and
thus may be more reliable as a molecular tracer [85].
The use of molecular tracers has been employed in tandem with other bioaerosol
instrumentation. Previous studies compared the use of such tracers with both WIBS
and the UV-APS [90]. A higher-than-expected correlation was observed between the
tracers of arabitol and mannitol, and the instrumentation for the determination fungal
spore concentrations, especially when considering the disparity in the working principle
behind both methods. Correlations between the fungal tracers and the WIBS device were
around R2 = 0.8 for FL1 channel (excitation at 280 nm and emission between 310–400 nm)
for arabitol under all conditions and for mannitol under dry conditions. This is due to
mannitol originating from sources other than from fungal spores. Other WIBS fluorescence
channels did not correlate as well as FL1. While the UV-APS correlated well with mannitol
and arabitol in wet conditions (generally R2 > 0.7), the same was not true in drier conditions,
resulting in poor correlation (around R2 = 0.15). The authors attributed this to the fact
that the only fungal spores associated with arabitol and mannitol are emitted by wet
discharge methods.
2.6. Molecular and DNA Methodologies for Spore Determination
Due to the variety of fungal spore sizes and morphological parameters, there can be
some difficulty in fungal spore recognition. These difficulties have necessitated the creation
of other identification methodologies for the direct measurements of airborne fungal spores.
The determination of the concentration of allergenic proteins, and DNA, have been used
previously as proxies for fungal concentration in the air.
One such technique is Enzyme-linked immunosorbent assay (ELISA) which detects
the presence of a ligand (generally a protein) in a liquid sample using antibodies to label
the protein to be measured. This technique has been used for fungus detection for over 40
years [91], and more recent studies have used it to determine the allergens within fungal
spores [52,92].
MicroTitre Immuno Spore Trap, or MTIST, works via the impaction of air directed
through a series of trumpet-like passages opening into a well of a microtitre plate. This
sampling format was intended for direct application of immunological diagnostic methods,
particularly ELISA. As the total airflow is collected into 32 separate wells, it is possible to
perform separate tests for different target organisms [42,52].
DNA analysis has also been used to discern airborne fungal spore concentration
and, as previous studies have shown, many impactors have been adapted to utilise DNAbased diagnostics, such as Polymerase Chain Reaction (PCR) [52,93]. Most of the samplers
adapted to this method are based on dry or wet-wall cyclones. The cyclone deposits
particles on a surface, dry or wet, as a result of centrifugal force. Using this, airborne
particles can be collected in different media. Cyclone samplers lend themselves well to
extended collection times because they can collect relatively large amounts of material.
Cyclone samplers have also been designed to be small enough to be used as personal
samplers [94]. With this material, DNA analysis can be performed [95]. DNA fungal
recognition can give great information about the diversity of particles, but the use of PCR is
a process that requires good knowledge of fungal DNA and it needs a significant amount
of time to prepare.
3. Fungal Spores and Climate
Fungal spores (and other PBAPs) have also been linked with potentially impacting
the climate, either directly through the scattering and absorption of light, or indirectly by
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influencing cloud formation and precipitation development [96]. Clouds can form via the
condensation of water onto the surface of a suitable particle, providing there is sufficient
relative humidity to supply saturation. These aerosols are termed cloud condensation
nuclei (CCN) and occur at warmer temperatures than ice nuclei (IN). PBAPs can contain
soluble coatings, allowing them to act as CCN, and possess insoluble components, allowing
IN activity [97]. Although the contribution of bioaerosols to IN and CCN has received
increased attention in recent times, there remains a great deal of controversy surrounding
the total contribution of PBAPs to cloud formation. Compared to the more prominent
atmospheric aerosols, such as sulphates, organics, sea-salt, dust, and smoke particles, the
area remains notably understudied [98].
The first biological ice nuclei were discovered in the early 1970’s from composting
vegetation, which was later attributed to the bacteria Pseudomonas syringae [99]. Since
then many biological components have been identified as potentially important CCN and
IN [100,101]. The importance of IN-PBAPs was accelerated by the fact that mineral dust
and combustion aerosols, although more common, lose their IN ability at temperatures
warmer than −15 ◦ C and −20 ◦ C, respectively, even though clouds above this temperature
have been shown to contain ice crystals [102]. Although the true extent to which these
biological IN/CCN contribute has yet to be truly realised, several investigations indicate it
to be considerable, particularly with regards to ice nucleation. The importance of IN-PBAPs
in other regions has also been well documented, particularly the impact of aerosols on the
Amazonian hydrological cycle [66,101,103,104]. This is predominantly due to the absence
of local anthropogenic influences, allowing for the selective investigation of PBAPs. It has
been determined that during periods of prominent rainfall, biogenic aerosols are almost
entirely responsible for maintaining the hydrological cycle of the Amazon basin [104].
The larger supermicron aerosols are dominated by PBAPs, contributing to up to 80%
of the supermicron ambient concentrations [103]. Whitehead et al. [104] illustrated the
prominence of fungal spores in this region through fluorescent detection of bioaerosols,
with fungal spores contributing to 70% of the total fluorescent particle concentration.
These field studies, as well as initial small scale models [97], illustrated the relative
importance of PBAPs as IN, on a regional and seasonal scale. However, a significant
contrast is observed for these finding when compared to larger global model studies.
Previous studies [105] have shown that the simulated contribution of PBAPs to IN is almost
negligible when compared to the IN activity of mineral dust and soot which dominated the
simulated IN composition (93%). Even with abnormally heightened freezing efficiency, the
global contribution of PBAPs to IN was not greater than 1% [105]. Other investigations have
also corroborated this low global contribution [106,107]. These findings, however, do not
negate the influence of PBAPs as IN on a regional and seasonal basis, particularly at lower
altitudes where warmer temperatures inhibit the nucleation of other particles [101,108].
The majority of studies have often compared the IN capabilities of PBAPs to that of soot
or dust particles, but some works have suggested that biological particles can enhance
the impact of desert dust storms on the formation of cloud ice [100]. As evident by the
contrasting results, the true IN activity of PBAPs remains somewhat uncertain.
4. Modelling
Many aerobiological studies have largely focussed on forecasting airborne pollen
concentrations [109]; however, fungal spores are more abundant and could contribute a
higher risk of initialising acute respiratory conditions [110], resulting is a need for their
forecasting. Although remaining comparatively less frequent (relative to pollen), the
development of fungal spore models has become a topic of increased prominence in more
recent times [111]. Aerobiological forecasting studies generally centre on developing
prediction models for selected fungal spores or pollen types. In the case of fungal spores,
modelling studies have largely focussed on allergenic or potentially allergenic fungal
spores, such as Alternaria, Cladosporium and Ganoderma, or those that pose a risk to crops as
plant pathogens, such as Botrytis, Uncinula and Erysiphe, amongst others.
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Thus, this section will focus on reviewing the variety of modelling methodologies that
have been used in the creation of accurate fungal spore forecast models and briefly explore
popular statistical techniques used for evaluating possible explanatory variables.
4.1. Meteorological Variables
A variety of forecasting techniques have been employed to predict fungal spore concentrations; those techniques differ greatly in principle, but one type of input variable
remains consistent across the majority of studies—meteorological parameters. The release and dispersion of fungal spores is influenced by a range of different environmental
conditions with release mechanisms varying from species to species [112]. An important
initial step in developing functional fungal spore models involves assessing the impact of
meteorological variables on spore release and concentration.
The effects and correlation of various meteorological conditions on spore release has
been covered well in numerous studies [17,109,113–118]. The complex relationship between
the ambient fungal spore concentrations and meteorological parameters is often examined
using statistical tests, such as correlation analysis and ordination techniques.
4.1.1. Spearman Correlation
One of the most popular methods for assessing the correlation between fungal spores
and meteorological parameters is the Spearman’s rank correlation test. Owing to being a
very simple descriptive statistical test, this method cannot be used as a forecasting tool.
Improved modelling approaches can be developed by assessing the correlation between
spores and meteorology. By investigating this relationship, rough approximations can
be developed as to what conditions result in the release of certain spores. For example,
several studies have classified several species, such as Alternaria, Cladosporium, Eppicocum, Aspergillus/Penicillium and Ganoderma [15,116,119–121], as “dry-weather spore types”,
indicating dry weather as having a significant correlation with increased fungal spore
concentrations. Similarly, other spores such as Didymella, Leptosphaeria, Ganoderma and
rusts [115,119,121] have been described as “wet-weather spore types”, displaying strong
correlations with relative humidity or rainfall.
4.1.2. Ordination Techniques
Ordination techniques such as canonical correspondence analysis (CCA) and redundancy analysis (RDA) has received increasing interest. They are often used in conjunction
with the Spearman correlation and applied to aerobiological investigations. Ordination
techniques have also shown merit in various other ecological and phenological studies [15].
Ordination is a form of multivariate analysis and can group similar objects by their relationship with multiple variables. As such, several studies have investigated the use
of ordination to identify the relationship between different fungal spore genera, such
as Alternaria, Cladosporum, Botrytis, Ganoderma, Didymella, Leptoshpaeria, etc., and various
environmental factors [15,122].
Ultimately, studies have shown that the release and transport of fungal spores are
influenced by various meteorological factors depending on location, spore type and time of
year. In turn, these factors also impact the predictive power of developed forecast models.
Following the initial analysis of potential model inputs, various mathematical models
can be developed in efforts to mimic the behaviour that exists between fungal spores and
these parameters.
4.2. Regression Models
Regression analysis remains a popular forecasting approach in aerobiology, and continues to be used for the prediction of ambient pollen [109] and fungal spore concentrations [111]. Regression analysis is a simple modelling approach that is used to predict the
relationship that exists between a scalar output (i.e., fungal spore concentration) using
one or more independent variables. When only one explanatory variable is used in the
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model, it is known as linear regression. However, in the case of complex systems such as
aerobiological studies, a single dependent variable is often not completely explained from
the analysis of just one independent variable. Multiple regression analyses, shown in equation 1, is a broader type of regression and refers to the relationship between two or more
independent variables and one dependent variable (Y and more than two independent
variables X1 . . . Xn ).
Y = A*X1 + B*X2 + C
To date, a range of regression techniques have been used to develop fungal spore
forecasting models, including both linear regression [123,124] and multiple regression
analysis [38,39,125,126]. Linear/multiple regression methods have been used regularly for
the prediction of Alternaria [19,113,124,125,127,128], Cladosporium [33,123,125,128], Ganoderma [128,129], Aspergillus/Penicillium, and Ascospore [129] concentrations, amongst others [126,128,129]. In addition, multiple regression techniques have long been employed to
determine important meteorological parameters that influence the seasonal concentrations
of specific fungal spore taxa [114,130]. These simplistic methods have also been applied to
forecast concentrations of several phytopathogenic fungal spores, such as Botrytis, Erysiphe
and Plasmospora, which pose a considerable risk to vineyards. [38]
Other multiple regression approaches have also been applied to fungal spore data.
Step-wise multiple regression [113,127,131] has been applied to a host of fungal types [131]
including Alternaria [113,127,132] and Cladosporium [127,131]. Backwards elimination regression has also been applied to predict Alternaria [113,117], Cladosporium, Ascospore and
Basidiospore concentrations [117], with the addition of logistic regression being employed
to predict Alternaria [35,132] and Cladosporium concentrations.
The outputs of each prediction model depends on the intended purpose of that model.
To date, popular regression model outputs include predicted daily [19,38,113,123,125,127],
weekly [113], as well as annual [132] concentrations. Aside from daily, weekly and annual predictions, more recent studies have employed regression models to suit specific
agricultural purposes. In several separate investigations by Cortiñas-Rodríguez et al. [38],
González-Fernández et al. [133], and Fernández-González et al. [39], regression models
were developed to predict the powdery mildew infection [38,39] and secondary infection
periods in vineyards [38,133]. The prediction of infectious periods helps to limit and reduce
the number of chemical treatments, the application of which could improve crop quality,
costs, and environmental impacts.
Due to the relative ease of construction and application of regression models, they remain popular in the aerobiological studies. However, despite their convenience, regression
models are generally based on assumptions of linearity and normality. As a result, these
models are often unable to account for the seasonality of aerobiological data leading to
poor model accuracy [109,134].
4.3. Time Series
4.3.1. ARIMA Time-Series Analysis
Time series analysis is a technique used to identify underlying trends in data by
examining collected data over a period of time with the aim to forecast future results
(Yt ) [109]. The model itself is considered additive and is composed of different components,
shown in the following equation:
Yt = Tt + Ct + Et + It
These components include long term trends (Tt ), variations in the time-series not
exceeding one tear (Et ), variations exceeding one year in length (Ct ), and random factors
without a known pattern (It ) [43].
Time-series models have been used in numerous aerobiological studies for both
pollen [106] and fungal spore forecasting [134,135]. ARIMA (autoregressive integrated
moving average), as originally proposed by [136], is the most popular time-series approach
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used in aerobiological studies. A time-series model is considered to be autoregressive
when the value of the current result (e.g., fungal spore concentration) is dependent on the
summation of the past components and values (e.g., meteorological parameters) [134].
ARIMA models have been developed for several allergenic fungal spore taxa. Stephen
et al. developed one of the initial ARIMA models used for fungal spore forecasting in
1990 [134]. This study developed a simple one-parameter time-series model for the shortterm forecast of both Cladosporium and Basidiospore concentrations [134]. Since then,
several other studies have also developed ARIMA models for the prediction of allergenic
fungal spore concentrations [137], including for Alternaria [110,138], and Cladosporium [110].
However, several studies have also adapted ARIMA models for the prediction of phytopathogenic fungal spores, such as Alternaria [138], Botrytis [43,139], Erysiphe and Plasmopara [135]. These models were, again, designed to predict periods of disease risk.
Model outputs from the literature ARIAMA models varied less than for other model
types. Typically, ARIMA models have been used to predict daily concentration of specific
allergenic/pathogenic fungal spores [43,110,135,138,139]. However, in a study by Damialis
and Gioulekas, 2 types of time-series models were developed to forecast Alternaria and
Cladosporium concentrations. The first was used for the prediction of daily spore counts,
but a second ARIMA model was developed to also predict monthly concentrations [110].
4.3.2. Probability Distribution Function Models
Probability distribution-based models are often related to graphical representations of
seasonal fungal spore/pollen time-series. Often, these temporal trends can appear similar
to normal distribution curves. Several literature studies have, therefore, proposed and
employed models based on Gaussian functions to aerobiological data to predict seasonal
parameters, such as season start dates, season lengths and season end dates [140]. Models
based on the Gaussian function have been previously applied to pollen data and have
shown merit when fitted to both unimodal and multimodal seasonal data [141,142]. Later
studies also progressed to include several fungal spore species. A study by Kasprzyk
and Walanus [140] applied Gamma, Gaussian and logistic distribution models to both
airborne pollen grains and fungal spore trends in efforts to predict season dynamics.
During this investigation, Cladosporium, Alternaria, Ganoderma and Botrytis spores were
selected for analysis. The Gaussian distribution-based model was fitted to all spore types;
however, goodness of fit differed depending on year and taxa examined. Both the gamma
and Logistic distribution also exhibited some merit when applied to the different fungal
spore seasons.
However, aerobiological data usually does not fit a normal distribution, as is evident
from the limitations of several of the aforementioned observational methods. This deviation
from normal Gaussian behaviour comes as a result of the complex seasonality of such
data [143]. A gamma probability density model was originally proposed by Comtois [144]
to account for these inconsistencies. In the same study by Kasprzyk and Walanus [140],
Gamma, distribution models were applied to both airborne pollen grains and fungal spore
trends. It was shown that the gamma distribution performed relatively poorly for both
data sets and could not be fitted to all the fungal spore taxa investigated. In this particular
study, the Gaussian and logistics functions were found to be the most representative for
both fungal spore and pollen trends. In a more recent study by Vélez-Pereira et al. [108], a
gamma probability density function was constructed from a 20 year dataset, encompassing
20 separate fungal spore taxa. The application of this allowed for the non-subjective
classification of 5 separate groups (categorised by shape parameter) which could be applied
to developing future prediction models.
4.4. Machine Learning Techniques
4.4.1. Artificial Neural Networks
Traditional observational methods discussed above often fail to truly depict the complex behaviour between fungal spores and influencing parameters. This represents a major
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obstacle in modelling biological systems. As a result, more sophisticated machine learning
techniques have become popular in aerobiological studies, including for fungal spore
forecasting. Unlike several of the previously discussed observational modelling methods,
machine learning techniques are not limited to the same assumptions of linearity and
normality. Artificial neural networks (ANNs) have become particularly popular as they can
easily analyse high-order, non-linear interactions and discontinuous data [145]. Machine
learning methods such as ANNs are designed to mimic biological information processing
systems in order to develop a data model [146]. In fact, ANNs are the most popular fungal
spore modelling technique used throughout the previous literature studies [111].
The application of ANNs have been used extensively in the literature to successfully model a range of fungal spore types, including allergenic spores such as Ganoderma [115,145–147], Alternaria [44,148–153] and Cladosporium [151–153], amongst others [126]. The use of ANNs has also been used to predict phytopathogenic spores, such as
Pleospora [149,153,154], Leptosphaeria [118] and Pyricularia [155]. Many of these particular
studies have highlighted the dual aspect of fungal spore prediction models with regards
to alerting the public to both periods of potential allergenic and crop-infection risk. This
applies particularly to spores that are capable of causing both effects, such as Alternaria
and Leptosphaeria, as well as studies that have included both spores that are allergenic and
spores that are pathogenic within the same investigation [149,153,154].
The suitability of such methods to forecast fungal spore concentrations for different
time resolutions has also been assessed in the literature. The vast majority of ANN models
have been developed to predict daily concentration values. In a study by [153], daily concentrations of Alternaria and Pleospora spores were mapped, producing spatial predictions.
In addition to variations in daily spore predictions, a handful of studies have also investigated the predictive capability of ANNs for hourly values. In a study by Grinn-Gofroń and
Strzelczak [44], hourly concentration of Alternaria and Cladosporium spores were predicted
successful by ANNs. A similar investigation was also carried out for hourly Ganoderma
spore prediction [147].
Although ANN models have been employed for a myriad of spore types and remains
the most widely used fungal spore forecasting technique, a recent study by Jedryczka
et al. [145] showed that advanced modelling methods, such as ANNs, were less accurate at predicting the risk of exposure of people with allergies, highlighting the need for
more focussed modelling studies, perhaps at a more representable sampling height (street
level) and additional investigations into what further parameters could contribute to such
exposure models.
4.4.2. Multiple Regression Trees
Although less popular, other advanced modelling techniques have also been employed
in fungal spore modelling. Multiple regression trees (MRTs) have been developed for
several fungal spore forecasting studies. MRTs form clusters by repeatedly splitting the
data along axes of explanatory variables. The clusters and their dependence on said
variables can then be presented graphically as a tree [44,156]. The MRT technique makes no
assumptions about the relationship between dependent and explanatory variables, which
makes it applicable to complex environmental data, such as an aerobiological dataset [156].
MRTs have been applied to forecast several different allergenic and phytopathogenic
fungal spores, such as Ganoderma [145,147,157], Alternaria [14,44], Cladosporium [14,44] and
Didymella [14]. Many of these studies have also included the concurrent development of
the ANNs models [44,147,157]. Similar to ANN models, MRT models have tended to focus
on either the prediction of daily [145,157] or hourly [44,147] spore concentrations.
4.4.3. Random Forest
Another tree-based approach that has been used to forecast ambient fungal spore
concentrations is random forests (RF). RF models involve creating and combining multiple decision trees in efforts to determine a more accurate prediction. This technique
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has largely remained unexplored for fungal spore modelling. RF has only been used to
model Alternaria, Cladosporium [158] and Ganoderma concentrations [159]. Interestingly,
Grinn-Gofroń et al. [158], highlighted the possibility of accurately modelling fungal spore
concentrations using one universal model across different sites and countries. More recently, Grinn-Gofroń et al. combined local Ganoderma data, meteorological data, land cover
data (tree host density) and backtrajectory analysis of possible Ganoderma tranport sites into
a single RF model [159]. The computed model was capable of computing daily airborne
Ganoderma concentrations.
Overall, advanced modelling techniques are still in their early stages when it comes to
fungal spore forecasting. There have been a number of other machine learning techniques
that have been applied to other aerobiological data which could also benefit fungal spore
modelling, such as Least Absolute Shrinkage and Selection Operator (LASSO) and support
vector machine methods [108]. Even so, these advanced models represent a highly promising technique for fungal spore forecasting and will likely see a large development in the
coming years.
4.5. Process and Source-Based Modelling
4.5.1. Phenological and Land-Use Modelling
Phenology refers to the study of recurring seasonal events and is influenced by meteorological factors. This can be used to predict key phases in plant development, notably
flowering periods for pollen prediction [160]. These observations are then coupled with meteorological conditions, then, using various modelling techniques (such as regression and
time-series analyses), can then be used to forecast the presence of the fungal pathogens [39].
As such, many studies focussing on pest management have employed phenological observations to predict periods of high disease risk, the application of which allows for
the development of effective and accurate chemical treatment plans, reducing both economic costs and the environmental impact. Phenological models have been used for the
prediction of several well-known vineyard pathogens, such as Uncinula neactor [39,40],
Botrytis cinerea [40,139], Plasmopara viticola [40] and Erysiphe necator [133]. Moreover, it can
be concluded from these plant-based studies that the relationship between fungal spore
concentration, meteorological parameters and plant behaviour can predict airborne fungal
concentrations better than just considering meteorological parameters alone.
Due to plants and decaying organic matter being the primary sources of fungal spore
emissions, land use has also been used as a prediction tool for airborne spore concentration.
Previous studies have investigated the effects of land-use on the fungal spore release, for
which the use of GIS tools has been employed [161–163]. Generally, it can be concluded
that variations in ambient fungal spore compositions are related to location with some
vegetation types favouring certain fungal taxa. The first study of this kind for the prediction
of spatiotemporal distributions of ambient fungal spores was conducted by Kallawicha et al.
by using land regression models and GIS [137]. In total, 12 separate classes of fungal spores
were investigated, including total fungal spores, Ascospores, Basidiospores, Cladosporium
and Botrytis. By utilising multi-site sampling, this method is capable of overcoming the
limitations introduced when only using a small number of sites [137]. A more recent
Swedish study investigated the spore deposition at 4 separate forest-agricultural locations
and found that deposited spore communities differed more based on vegetation type than
by geographical distance [164]. A similar investigation of the air mass trajectories and
land cover of the English Midlands determined that cereal and oilseed-rape crops were
major local sources of Alternaria [163]. These findings highlight the importance of land
use in predicting airborne fungal spore concentrations and that local sources of spores
are important aspects to consider in understanding aeroallergens and the dispersal of
plant pathogens.
One major disadvantage of observational models (regression, time-series, etc.) is
that a high level of training data is required to develop accurate predictions. Fortunately,
land-use data can help in these scenarios. Recently a study based on fungal spore emission
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estimates from land-use, simulated spore distribution over the Indian region [165]. This
model combined the land-use estimated with a regional transport model to simulate fungal
spore distribution.
4.5.2. Transport Models
Source-oriented and transport models can be used to predict the spatiotemporal distribution of fungal spores. As illustrated by Ansari et al. [165], these models can overcome the
data-heavy requirements of observational techniques. However, these methods do require
an understanding of certain aerosol characteristics, such as diffusion, etc. These models
are based on chemistry Transport Models that have later been adapted to account for the
dispersal of bioaerosols, firstly with pollen and more recently with fungal spores. A great
number of studies have been published with regard to the transport and distribution of
pollen grains using these models [109]. Unfortunately, fewer have examined the origin and
transport of fungal spores.
Several transport models have been applied to fungal spore modelling, including
COSMO-ART and WRF-Chem models [165,166]. In addition, Hybrid Single-Particle Lagrangian Integrated Trajectory (HYSPLIT) models have been used extensively in aerobiological studies to investigate the location of fungal spore sources, as well as to investigate the contribution of long-distance transport to regional fungal spore concentrations [159,162,163,167,168]. Other transport models have also been used, albeit less
often, such as the Zefir source-receptor model [169].These models have focussed on simulating general fungal spore concentrations over specified regions [162,166,167,169] and
determining points of origin for particular fungal spore genera. As a result of its agricultural and allergenic health effects, Alternaria distribution is the most studied fungal
type [16,163,167,169], although Ganoderma [159,168,169], as well as Ascospores, Basidiospores,
Cladosporium, and Tilletiopsis [169], have also been studied to some extent. These models
have highlighted that for sites influenced by the long distance transport or fungal spores,
solely depending on site specific meteorological data is insufficient for the development
of high-performance models even when efficient and robust methods (such as RF) are
used [159].
Overall, although fungal spore modelling methods are less well documented than
those for allergenic pollen, it is predicted that accelerated levels of fungal spore release
will be observed in years to come as a result of climate change [120]. Based on previous
use of these techniques for forecasting, it’s likely that these advanced models represent a
highly promising avenue for fungal spore forecasting and will see further development in
the coming years.
5. Conclusions
The most important fungal spore types identified in this literature review were considered to be Cladosporium and Alternaria, as a result of their pathogenic, phytotoxic, and
aeroallergenic properties, combined with their overwhelming abundance within the atmosphere. Several other fungal spores have also been identified as species of interest in
one (or more) of the aforementioned categories, with their abundance, relationships with
meteorological parameters, and biogeographic region all taken into account. Nevertheless,
difficulties in spore recognition, and differences between biogeographic regions hinder
ready comparison. Links between fungal spore concentrations indoors, and allergenic
symptoms in occupants of buildings (sick building syndrome) were also noted, and further
investigation into this phenomenon is of scientific and human health interest.
The different spore sampling methods identified firstly included standard volumetric (active) samplers, such as the Hirst and Rotorod samplers with electrically powered
components, and non-volumetric (passive) sampling alternatives. Other methods of fungal
spore sampling include culture-based techniques, such as the Burkard portable air sampler
and the Andersen sampler, both of which are active samplers. Another method of spore
sampling or quantification is the use of real-time light induced fluorescence instrumenta-
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tion, such as the UV-APS, the BioScout, the IBAC, and the range of WIBS devices available
currently on the market. These real-time devices detect fluorescent aerosol particles through
different applications of the same technology via the excitation of a particle with a laser, or
lasers, of a set wavelength, before the resulting florescence is captured by a photoreactor.
The resulting output can then be correlated with known spore particle characteristics and
concentrations. Other methods of spore sampling/quantification include indirect methods
such as the measurement of chemical tracers, such as arabitol and mannitol, in place of
direct spore measuring, and via the measurement of allergenic proteins and DNA in the
atmosphere to act as fungal spore proxies. While traditional sampling will continue as a
base and reference for data continuity, the use of real-time as well as chemical and genetic
recognition is now gaining importance in the field of aerobiology. This relatively recent
advancement in technology has resulted in several different instruments being used simultaneously within the aerobiological field, with the choice of device used depending upon
the knowledge of the researchers using it, as well as the specific requirements of each zone.
As said by Hirst [170], “It is usually essential to consider the environment and purpose of
an investigation before deciding which [spore] trap to use and where to locate it”.
Currently, the most used methods for fungal spore concentration prediction were
generally based on different conventional modelling techniques, typically ones developed for meteorological forecasting purposes. The inclusion of meteorological variables
within the majority of these models highlighted the already known and strong relationship
between the weather, climate, and fungal spore concentrations. Spearman correlations,
ordination techniques, forms of regression analysis, and time series analysis, are all used
today for the forecasting and modelling of future fungal spore concentrations. Other more
novel approaches to forecasting include various forms of machine learning techniques,
such as the use of multiple regression trees, artificial neural networks, and the “random
forest” technique. These methods are seen as promising, but are under researched as of
yet. Process and source-based modelling approaches, such as land use and phenological
modelling, and the use of transport models have also seen increased use in recent years,
as modelling methods that have seen success in similar fields—such as the forecasting of
allergenic pollens—are adapted and implemented for the field of fungal spore modelling.
The relationships between spores and climate are complex, and the different methods
used to measure this correlation also serve to bring the complexity of this relationship
into focus. The main objective of fungal spore modelling is changing; from previously
explaining the environmental causes and the effects of spore dispersal, to now attempting
to predict said dispersal before it occurs. However, the complexity of the fungal kingdom
becomes problematic when forecasting is performed. For this reason, long-term database
maintenance is a principal foundation for the evolution of the field of airborne fungal
spore research.
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